Accurate enhancer identification is critical for understanding the spatiotemporal transcriptional regulation during development as well as the functional impact of disease-related noncoding genetic variants. Computational methods have been developed to predict the genomic locations of active enhancers based on histone modifications, but the accuracy and resolution of these methods remain limited. Here, we present an algorithm, regulatory element prediction based on tissue-specific local epigenetic marks (REPTILE), which integrates histone modification and whole-genome cytosine DNA methylation profiles to identify the precise location of enhancers. We tested the ability of REPTILE to identify enhancers previously validated in reporter assays. Compared with existing methods, REPTILE shows consistently superior performance across diverse cell and tissue types, and the enhancer locations are significantly more refined. We show that, by incorporating base-resolution methylation data, REPTILE greatly improves upon current methods for annotation of enhancers across a variety of cell and tissue types. REPTILE is available at https://github.com/yupenghe/REPTILE/.
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enhancer prediction | DNA methylation | bioinformatics | gene regulation | epigenetics I n mammals, genes are transcribed in a temporally and spatially specific manner during development. The precise regulation of gene expression is primarily driven by the activity of distal regulatory sequences, known as enhancers. Disruption of enhancers can cause developmental abnormalities and diseases (1) (2) (3) (4) (5) (6) . Moreover, the vast majority of genetic variants associated with human diseases by genome-wide association studies (GWASs) lie in noncoding regions, which potentially affect gene transcription and contribute to diseases through disrupting enhancer activity (7, 8) . To identify causal noncoding variants and understand their functional consequences, methods for accurate enhancer annotation are essential.
Enhancers are bound by transcription factors (TFs), which in turn recruit cofactors such as the histone acetyltransferase EP300 to achieve transcription activation of target genes from a distance (9) . Active enhancers are generally located in accessible chromatin and marked by enrichment of histone H3 lysine 4 monomethylation (H3K4me1) and H3 lysine 27 acetylation (H3K27ac) (10) (11) (12) . Enrichment of histone modifications in the genome can be determined by chromatin immunoprecipitation followed by massively parallel sequencing (ChIP-seq).
Computational approaches have been developed to predict active enhancers from the combinations of these genome-wide profiles [see review (13) for a list of representative methods]. They generally use machine-learning algorithms to learn the histone modification profiles of putative enhancers active in a given cell/tissue type and then predict enhancers in additional cell/tissue types. Although they have proven to be useful, these methods have several important limitations. First, the centers and boundaries of enhancer predictions are not well defined because of the broad enrichment of histone modifications in regions around enhancers.
Second, existing methods often perform worse when tested on cells and tissues other than the cell/tissue types used for training of the algorithm. Third, existing methods consider only one cell/tissue type at a time, and thus neglect potentially useful information about the variation between cell/tissue types.
To address these limitations, we developed regulatory element prediction based on tissue-specific local epigenetic marks (REPTILE), an algorithm to predict enhancers by integrating whole-genome, base-resolution cell/tissue-specific DNA methylation data along with histone modification data. Cytosine DNA methylation (mC) is a type of chemical modification that plays critical roles in gene regulation, transposon repression, and the determination of cell identity (14) (15) (16) (17) . In mammalian genomes, it occurs in both CG and non-CG contexts (18) (19) (20) (21) (22) and can be quantified at nucleotide resolution using whole-genome bisulfite sequencing (WGBS) (18) . In this study, we consider only the most prevalent form of cytosine methylation (mCG). Transcription factor binding sites (TFBSs) are generally depleted of mCG (18, 23) . Whether mCG affects binding affinity is unclear for the majority of
Significance
In mammals, when and where a gene is transcribed are primarily regulated by the activity of regulatory DNA elements, or enhancers. Genetic mutation disrupting enhancer function is emerging as one of the major causes of human diseases. However, our knowledge remains limited about the location and activity of enhancers in the numerous and distinct cell types and tissues. Here, we develop a computational approach, regulatory element prediction based on tissue-specific local epigenetic marks (REPTILE), to precisely locate enhancers based on genome-wide DNA methylation and histone modification profiling. We systematically tested REPTILE on a variety of human and mouse cell types and tissues. Compared with existing methods, we found that enhancer predictions from REPTILE are more likely to be active in vivo and the predicted locations are more accurate.
TFs, although recent studies suggest that there can be significant alteration of binding affinity (24) (25) (26) . The anticorrelation of mCG and TF binding is predictive in inferring TFBS (27) and enhancers (23, 28) . These observations led us to take advantage of mCG depletion as a high-resolution (∼1 bp depending on density of CG sites) enhancer signature that is complementary to the lower-resolution histone modification data derived from ChIPseq experiments (with fragment size ranging from 200 to 600 bp after sonication) (29) . Our results indicate that, by incorporating mCG data, REPTILE achieves higher prediction accuracy and produces higher-resolution enhancer predictions than existing methods that rely solely on histone modification profiles.
Results
The REPTILE Algorithm. We designed REPTILE based on three observations: (i) active enhancers, which are bound by TFs in certain cells and tissues, show cell/tissue-specific hypomethylated, and such anticorrelation is an informative feature in predicting enhancers. It has been shown that regions that are differentially methylated across diverse cell and tissue types [also known as differentially methylated regions (DMRs)] strongly overlap with enhancers (19, 20, 30) . (ii) With base-resolution mCG data, the centers and boundaries of DMRs can be accurately defined, which may be informative in identifying the precise location of enhancers. (iii) The known enhancers (31, 32) (∼2 kb) are generally much larger than TFBSs (∼10-20 bp) and likely include sequences that contribute little to enhancer activity. We used the term "query region" to describe such large regions where a small fraction of the sequences may have a regulatory role. Query regions also refer to negative regions (that showed no observable enhancer activity) and the genomic windows used by enhancer prediction methods. Because a large portion of an active query region may have little contribution to its enhancer activity, the epigenomic signature of the whole active query region may not be an ideal approximation to the epigenomic state of the bona fide regulatory sequences within it. To address this issue, we used DMRs (∼500 bp) to pinpoint the possible regulatory subregions within the query regions and to capture informative local epigenomic signatures in both enhancer model training and prediction generation processes ( Fig. 1 A and B) .
Specifically, the REPTILE algorithm involves four major steps (Fig. 1C) . First, DMRs are identified by comparing the mCG profiles of the target sample (in which enhancers will be predicted) and several different cell/tissue types (which serve as reference) (Methods). Next, REPTILE integrates epigenomic data and represents each DMR or query region as a feature vector, where each element is the value of either the intensity or the intensity deviation of an epigenetic mark (Fig. 1D) . The intensity deviation feature captures the epigenomic variation between cell/tissue types and is a unique aspect of REPTILE, whereas existing methods rely on data of a single cell/tissue type ( Fig. S1A and Methods). In the third step, REPTILE learns a model of enhancer epigenomic signatures from the feature values of (putative) known enhancers and negative regions as well as the DMRs within them. This model contains two random forest (33) classifiers, which predict enhancer activities of query regions and DMRs based on their own epigenomic signature (Methods). In the last step, REPTILE uses the two random forest classifiers to calculate enhancer confidence scores for DMRs and query regions, based on which the final predictions are generated (Methods).
Training Computational Models for Human and Mouse Enhancers. To evaluate the prediction accuracy of REPTILE, we systematically compared REPTILE with four widely used enhancer prediction methods, PEDLA (34) , RFECS (35) , DELTA (36) , and CSIANN (37) , using data from a wide variety of human and mouse cells and tissues (Fig. S1 B-D and Methods). These methods all use machine-learning techniques to predict active enhancers based on histone modification profiles, whereas PEDLA also considers evolutionary conservation (SI Methods). Unless specifically stated, six histone modifications were used in these analyses, including H3K4me1, H3K4me2, H3K4me3, H3K27me3, H3K27ac, and H3K9ac (Methods). Notably, REPTILE uses mCG information in addition to histone marks.
For each method, we trained a model (a set of parameters) for human enhancers using epigenomic data from H1 human embryonic stem cells and a model for mouse enhancers using data from mouse embryonic stem cells (mESCs). During the training process, EP300 binding sites were used as putative active enhancers (positive instances), whereas promoters and randomly chosen genomic regions were used as negative instances (SI Methods). When the REPTILE human enhancer model was trained, data of four H1-derived cell types were also included as the reference and DMRs were called for the methylomes of H1 and these cell types. During training of the REPTILE mouse enhancer model, data for eight mouse tissues from embryonic day 11.5 (E11.5) embryo was used as the reference and DMRs were called across the methylomes of mESCs and all of these tissues. In the prediction step, all samples except the target sample were used as the reference. For example, when we applied REPTILE to generate enhancer predictions for E11.5 forebrain, mESCs and the remaining E11.5 tissues were used as the reference.
Unless explicitly stated, all putative enhancers in human cell types and tissues were generated for each method using the human enhancer model, trained using H1 data as described above. Similarly, all enhancer predictions in mouse cell types and tissues were based on the mouse enhancer model, trained using data from mESCs.
REPTILE Shows Superior Prediction Accuracy Compared with Existing
Methods. We first used cross-validation to evaluate the learned human enhancer models and mouse enhancer models in H1 and mESCs, where the models were trained. In both cell types, REPTILE showed the best performance among all of the tested methods ( Fig. S2 A and B) . In addition, we found that, in H1 cells, putative enhancers from REPTILE and RFECS had the greatest overlaps with distal TFBSs and/or distal open chromatin regions [DNase hypersensitivity sites (DHSs)], whereas REPTILE outperformed all other methods in mESCs ( Fig. 2 A and B, and SI Methods). Also, REPTILE showed one of the highest validation rates (fraction of predictions that are within 1 kb to distal DHSs but not in promoters) and one of the lowest misclassification rates (fraction of predictions that are within promoters; Fig. S3 A-D). We then tested REPTILE on the 211 experimentally validated regions in mESCs from Yue et al. (32) , and it showed superior performance compared with all other methods ( Fig. 2C and SI Methods). Furthermore, we found that REPTILE predictions recaptured the most distal regulatory DNA elements that were identified by multiplexed editing regulatory assay (MERA), a high-throughput genome mutation screening approach (38) (Fig. S2C and SI Methods).
Because training datasets (e.g., EP300 data) are often not available for the cells or tissues of interest (target samples), it is extremely desirable that the enhancer model learned on one cell/ tissue also performs well on other cell/tissue types. To assess this, we applied the models trained on human embryonic stem cell (H1) data to four H1-derived human cell lines and the models trained on mESCs to eight tissues from E11.5 mouse embryo. In human cell types, REPTILE and DELTA show the highest validation rate and the lowest misclassification rate compared with other methods, whereas REPTILE performed the best for mouse enhancer prediction (Fig. 2 D-G and Figs. S4 and S5 ). REPTILE predictions in E11.5 mouse tissues recapitulated several newly in vivo validated enhancers in E11.5 mouse embryo (Fig. 2H , Table S1 , and SI Methods). We then tested REPTILE on in vivo experimentally validated regions and found it achieved the best performance for all test datasets, except in E11.5 midbrain and heart where it ranked second (Fig. 2C) . Taken together, these results demonstrate REPTILE's superior prediction accuracy in both human and mouse cell/tissue types over existing methods, when training and prediction were performed on different samples.
The Resolution of REPTILE Predictions Is Better than Existing Methods.
Next, to measure the resolution of enhancer prediction methods, we calculated the average distance between the center of each prediction and the nearest distal DHS (Methods). We found a higher percentage (82%) of REPTILE mESCs predictions had distal DHS nearby (within 1 kb) compared with all other methods (77%; Fig. S3E ). For H1 cells, its overlap (90%) ranked second, which is only slightly lower than RFECS predictions (91%) (Fig.  S3F ). Among these predictions, the centers of RFECS predictions are, on average, 36 bp (H1) and 44 bp (mESCs) closer to the nearest distal DHSs than REPTILE predictions, which ranked second (Fig. S3 G and H) . The results highlight RFECS's superior prediction resolution in the training cell lines (H1 and mESCs), whereas REPTILE's performance is comparable; both outperformed all other methods.
However, we found that REPTILE achieved much better prediction resolution than all other methods when applied to cell/tissue types different from the training data. In H1-derived human cells, the enhancer predictions made by REPTILE are, on average, over 24 bp closer to the nearest distal DHSs compared with other methods, including RFECS (Fig. 3A) . On average, 85% of REPTILE predictions are supported by nearby distal DHSs, which ranked second, only slightly lower than DELTA (86%; Fig.  3B ). In tissues from E11.5 mouse embryo, REPTILE predictions are, on average, over 58 bp closer to the nearest distal DHSs than the other methods, and 92% of the REPTILE predictions are close to distal open chromatin regions, outperforming all other methods (84%; Fig. 3 C and D) .
Identifying the Transcription Factors Functionally Related to Each Cell
Type Using REPTILE Enhancers. Enhancers are frequently bound by TFs that are critical to the function of cells and tissues. In H1 and H1-derived cell lineages, we found that the predicted enhancers from REPTILE and other methods are enriched for the DNA motifs that are bound by the TFs (or complex) known to function in these cell lines (Fig. 4 , Table S2 , and SI Methods). Motif analysis of REPTILE enhancers recapitulated the enrichment of TF binding motifs in 25 out of the 27 cases (92.6%). Furthermore, in most cases (21 of 27, 77.8%), the TF binding motif showed stronger enrichment in REPTILE enhancers than in the putative enhancers from other methods. Notably, in the trophoblast-like cell lineage (TRO), the average fold enrichment of the TF motifs nearly doubled in enhancers from REPTILE compared with other methods (2.5-fold versus 1.3-fold; Fig. 4 ). These results indicate that REPTILE enhancer predictions facilitate the discovery of functionally related TFs in a given cell type by accurately pinpointing the location of their binding motifs.
REPTILE Enhancers Are Enriched for Noncoding GWAS SNPs and
Associated with Increased Expression of Target Genes. Noncoding disease-associated genetic variants are enriched in the regulatory elements of related cell types and tissues (7) . Stronger tissue-specific enrichment of such variants in putative enhancers of related tissues or cell types is likely indicative of better prediction accuracy and resolution. Therefore, we used enrichment as a metric for the evaluation of enhancer prediction methods.
First, we applied all methods to identify enhancers in human heart left ventricle. Because data are available for only some of the epigenetic marks in this tissue, we retrained all methods to generate the enhancer predictions (see SI Methods for more details). Then, we tested the enrichment of noncoding GWAS SNPs in these putative enhancers. Consistent with previous findings, only SNPs associated with traits in "Cardiovascular" category showed significant enrichment, indicating that the predicted enhancers are of reasonable quality (Fig. S6A) . However, we found that these SNPs were most enriched in REPTILE predicted enhancers, suggesting its better resolution and accuracy compared with other methods (Fig. S6 A and B) .
Enhancers are expected to increase the transcription of target genes. To test this, we linked REPTILE putative enhancers to their target genes using expression quantitative trait loci (eQTLs) data of left ventricle tissue from Genotype-Tissue Expression (GTEx) Project (SI Methods). We found that indeed genes linked to REPTILE enhancers showed significantly higher expression than genes linked to other genomic loci (Fig. S6C) . 
REPTILE Score Correlates Better with in Vivo Enhancer Activity than
Open Chromatin. Although open chromatin signatures using DNase-sEq (39)/ATAC-sEq (40) were used for validation in this study, we found that REPTILE score is more predictive of the in vivo activity of DNA elements from VISTA database than open chromatin data ( Fig. 5A and SI Methods). Two recent studies showed that low CG methylation in candidates of regulatory regions is an indicator of enhancers (41, 42) . To test this idea, we implemented an approach to predict enhancers based on the CG methylation level in DHSs (DHS+mCG; SI Methods). Although useful, this approach does not provide better performance than REPTILE predictions (Fig. 5A) . We further tested other single histone marks as well as the H3K27ac signal in DHSs and found that none of these is as predictive as the REPTILE score (Fig.  5A) . Consistently, the enhancer predictions based on REPTILE score consistently achieved the best precision given different score cutoffs (Fig. 5 B-E and SI Methods). These results highlight the value of a method that uses integrative data. At the same time, it suggests that open chromatin regions may not be the ideal data type to validate predicted enhancers.
Discussion
In this study, we describe an algorithm, REPTILE, which is able to predict active enhancers by integrating tissue-specific histone modification data and base-resolution mCG data. We found that the overall accuracy and resolution of REPTILE predictions exceeds other methods, especially when applied to cell/tissue types different from the training data. Further benchmarking revealed that REPTILE's performance is robust to different DMR inputs and reference choices (Figs. S7 and S8; SI Notes, Performance of REPTILE Is Robust to Choice of Reference and Suboptimal Differentially Methylated Region Calling). In summary, by incorporating DNA methylation data produced by whole-genome bisulfite sequencing and using information of cell/tissue type-specific variation of epigenetic marks, REPTILE greatly improves upon current methods for annotation of enhancers across a variety of cell and tissue types (see also Figs.
S7 and S9; SI Notes, Epigenomic Variation Information Improves Enhancer Prediction Resolution and Accuracy).
Although some methods showed better performance in a few tests, REPTILE's performance was superior in most tests. Although we tried to evaluate the prediction accuracy of all methods in an unbiased manner, we should point out that these benchmarks might be further improved in several ways. First, the validated regions in mESCs were originally selected based on 0.8 RFECS predictions, which introduces a potential bias. However, if this bias alters the performance of prediction algorithms, it is likely to inflate the performance of RFECS more than REPTILE. Second, the number of validated enhancer elements is currently limited, although this issue may be resolved in the near future, as more elements will be tested for in vivo function. Third, the negative datasets obtained from the VISTA enhancer database were mostly "putative" enhancer elements from previous studies and therefore may be very similar to true enhancers in many aspects, such as the degree of evolutionary conservation (43) . As a result, the prediction accuracy on VISTA enhancer dataset is likely to be lower than the accuracy of whole-genome prediction because many of the "negatives" in the VISTA database actually have some enhancer-like characteristics, which likely makes them harder to differentiate from true positives. Although improvements are possible (such as benchmarking of methods on genomic regions tested in high-throughput enhance assay and incorporating more sophisticated features in the REPTILE model), our results show that REPTILE outperforms existing enhancer prediction methods, especially for samples where training data are unavailable.
As epigenomic information of a larger number of cell/tissue types continues to be comprehensively profiled by the effort of Encyclopedia of DNA Elements (ENCODE) (32, 44, 45) , Roadmap Epigenomics Mapping Consortium (REMC) (46) , International Human Epigenome Consortium (IHEC), and other consortia, we envision that REPTILE will be a valuable tool to generate accurate enhancer annotations for these datasets, facilitating better regulatory DNA predictions and fueling biological insights.
Methods
Overview of Data Acquisition. To systematically benchmark REPTILE, we collected epigenomic data of various human and mouse cells and tissues. These epigenetic marks included base-resolution DNA methylation data (WGBS) and six histone modifications: H3K4me1, H3K4me2, H3K4me3, H3K27ac, H3K27me3, and H3K9ac ( Fig. S1 B and C, and Tables S3 and S4 ). We downloaded data of five human cell lines from Xie et al. (47): H1 human embryonic stem cells (H1), mesendoderm (Mes), mesenchymal stem cells (MSCs), neural progenitor cells (NPCs), and trophoblast-like cells (TRO). Human data also contain WGBS of heart left ventricle from Schultz et al. (19) and histone modification data of the same tissue from Leung et al. (48) . In addition, we included data of nine mouse samples: mESCs and eight mouse tissues from E11.5 embryo (SI Methods).
Next, to train the computational enhancer prediction methods, we obtained EP300 binding data from mouse and human ESCs (SI Methods). It has been shown that EP300 binding is a key feature of a fraction of active enhancers but computational approaches are able to learn the chromatin signatures of these enhancers and predicts other active enhancers without EP300 binding (10, 11) . In this regard, we used EP300 binding sites as putative active enhancers in the training datasets.
To validate the enhancer predictions from these methods, we downloaded in vivo enhancer validation data in E11.5 embryonic mouse tissues from the VISTA enhancer browser (31) as well as high-throughput report assay data in mESCs from Yue et al. (32) . We also included in vivo validated embryonic heart enhancers from Narlikar et al. (49) . In total, eight test datasets were used (Fig. S1D) . In addition, in all five human cell lines, mESCs, and five E11.5 mouse tissues, we downloaded publicly available DNase-seq data to validate enhancer predictions, assuming the actual location of enhancers to coincide with distal DHSs in the corresponding cell/tissue types. See also SI Methods for more details.
REPTILE. REPTILE is an algorithm that generates high-resolution prediction of active enhancers genome-wide by integrating mCG and histone modification data. REPTILE uses the DMRs that are identified across all samples as high-resolution enhancer candidates, and it is able to capture local epigenomic signatures that may otherwise be washed out in the signal of larger region. In addition, it takes into account the tissue specificity of enhancers as features to further improve its performance; REPTILE predicts enhancers based on epigenomic data of not only the target sample (where enhancer predictions are generated) but also additional reference samples to exploit the useful information in variation between cells and tissues.
The overview of REPTILE workflow is shown in Fig. 1C , which includes four major steps: i) DMR calling: DMRs are identified by comparing the DNA methylomes of input samples. We first called differentially methylated sites (DMSs). Next, we merged DMSs into blocks if they both show similar samplespecific methylation patterns and are within 250 bp. These two steps were performed as previously described (19) (see also SI Methods for details). We then filtered out the blocks that contain only one DMS. The remaining blocks were then extended 150 bp from each side to include the two regions covered by first upstream and first downstream nucleosomes, respectively. These extended blocks are defined as DMRs, which were used in later steps. 
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Number of predictions ii) Data integration: Then, REPTILE integrates various types of input data to obtain the epigenomic signatures of DMRs and query regions, in preparing for the next two steps: enhancer model training and prediction generation. Specifically, each DMR or query region is represented as a feature vector and each variable in the vector corresponds to the intensity or intensity deviation of one epigenetic mark (Fig. 1D) . In this study, the intensity of each histone modification is defined as the logtwofold change in reads per million mapped reads (RPM) relative to control and the intensity of mCG is the CG methylation level. Note that different definitions of intensity can also be used, such as the RPM with subtraction of control or simply RPM of ChIP-seq itself. It makes REPTILE more flexible and allows various way of normalization to be imposed on the input data. Intensity deviation of an epigenetic mark is defined as the intensity in target sample subtracted by its mean intensity in reference samples (i.e., reference epigenome), and this type of feature quantifies the tissue specificity of the epigenetic mark (Fig. S1A) . Because the data of reference samples is only used to calculate the mean signal value, REPTILE does not require that all epigenetic marks are available in all reference samples, that is, missing data are allowed. However, the target sample, where enhancer predictions are generated, must contain the data of all of the epigenetic marks. In this study, we used seven epigenetic marks (DNA methylation and six histone modifications), and thus the complete REP-TILE model contains in total 14 features (two features, intensity and intensity deviation, for each mark; Fig. S9 ).
The input data vary according to the next step. (i) The training step requires data of known/putative enhancers (such as EP300 binding sites) and known negative regions as well as the DMR list and the epigenomic data of target sample and reference samples. (ii) Prediction generation takes the enhancer model obtained from the training step, together with the DMRs, the epigenomic data, as input. It also requires query regions. The query regions can be 2-kb sliding windows with step size 100 bp across the genome for generating genome-wide enhancer predictions (see below). They can also be predefined regions, such as conserved elements in the genome, where their enhancer activity is of interest. More details about REPTILE input preparation are available at https://github.com/yupenghe/REPTILE/.
iii) Model training: In the next step, REPTILE enhancer model are trained by learning the epigenomic signatures of query regions, including known enhancers and negatives, as well as the DMRs within them. Specifically, one random forest classifier is trained to learn the epigenomic profiles of the labeled query regions, whereas another random forest classifier is trained to learn epigenomic features in the DMRs that overlap with the query regions. Both classifiers use same 14 features, but the values of these features are calculated differently. The classifier for query regions computes feature values based on the epigenomic data of whole query regions, whereas the classifier for DMRs is trained and applied on the data of DMRs.
The random forest classifier for query regions can be trained on data of known active enhancers and negative regions. However, the classifier for DMRs cannot be trained in such a straightforward way due to the lack of labels for DMRs. To circumvent this, we label all DMRs that are within known enhancers as active, and we label the ones that are within negative regions as inactive. Then, we use these labels to train the random forest classifier for DMRs in a similar fashion as in the training of classifier for query regions. The rationale behind this is that (we assume that) DMRs within negative regions are inactive and part of the DMRs within active enhancers can be inactive. In the training dataset where negative regions greatly outnumber active enhancers, we expect that there are many more DMRs labeled as inactive than active. Therefore, although the inactive DMRs within active enhancers might be incorrectly labeled as active, they only compose a small portion of DMRs. In this paper, the ratio of negatives to positives in the training datasets is at least 7:1 (SI Methods). The random forest model can be successfully trained on such data with a small fraction of instances incorrect labeled, which has been demonstrated by the better performance of REPTILE than existing methods. The implementation of random forest model is built on the R (version 3.2.1) package "randomForest" (version 4.6.12) with parameter "ntree=2000, nodesize=1." iv) Prediction generation: Last, we apply the enhancer model learned in the training step to generate enhancer predictions. Specifically, for every query region or DMR, the corresponding random forest classifier will generate an enhancer confidence score, which is defined as the fraction of decision trees in the random forest model that vote in favor of the active enhancer class.
Given a set of regions of interest, REPTILE is able to predict their enhancer activity. First, REPTILE generates one enhancer confidence score based on the epigenomic signature of certain query region and also multiple scores based on the data of DMRs within it. Then, the maximum is assigned as the final score for this region. In this design, data of DMRs are used to complement the prediction based on query regions. We found that, with correct enhancer model, even if the DMRs were not correctly identified, the prediction performance did not decrease much (see REPTILE w/ shuf DMR in Fig. S7 ). It is because the incorrect DMRs are not likely to show enhancer-like epigenomic signatures and low enhancer confidence scores will be assigned to them. In this case, the prediction will be dominated by the enhancer confidence score calculated based on the data of whole query regions (see REPTILE w/o DMR in Fig. S7 ).
REPTILE can also generate enhancer predictions across the genome. In this study, we used REPTILE to first calculate enhancer scores for all DMRs in the genome as well as all 2-kb sliding windows with 100-bp step size across the whole genome. The empirical choices of window size of 2 kb and step size of 100 bp are based on the benchmark results from previous study (35, 50) . Then, DMRs with score higher than a given cutoff (0.5 is used in this study) are predicted to be enhancers (termed "enhancer-like DMRs"). To generate nonoverlapping enhancer predictions, overlapping enhancer-like DMRs are merged into single prediction and its score is the highest score of all enhancerlike DMRs that are merged to form this prediction. Next, to capture the enhancers with no detectable mCG variation, REPTILE calls peaks of the enhancer scores across the sliding windows that pass the given score cutoff using the following procedure: (i) All sliding windows that pass the cutoff are labeled as enhancer candidates. Candidates that are within 1 kb to each other are grouped into clusters. (ii) For each cluster, the candidate with maximum score is set as a peak. If multiple candidates share the highest score, we randomly select one of them as the peak. (iii) For each cluster, the peak and all candidates that are within 1 kb of the peak are excluded from the candidate list. (iv) Steps 2 and 3 are repeated until the candidate list in each cluster is empty.
After this process, all sliding windows that have score greater than threshold are either peaks or within 1 kb to peaks. The rationale behind this is that the sliding windows adjacent to a peak are part of the peak. Last, the final predictions are the union of the enhancer-like DMRs and the sliding windows that are called as peaks but have no overlap with any enhancer-like DMRs. Similar to the prediction on given regions, this procedure is robust to incorrect DMRs because the enhancers that can be identified using the epigenomic mark of sliding windows will still be called.
Software Availability. The REPTILE software is published under the BSD 2-Clause License. It was written in R and Python. The R code was submitted as an independent R package, called "REPTILE," in the Comprehensive R Archive Network (CRAN). The source code, pretrained enhancer models, use, and further details of the complete pipeline are available in https://github. com/yupenghe/REPTILE.
